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Abstract. The aim of this systematic review was to comprehensively analyse recent
studies on the application of artificial intelligence (AI) in dental implantology. The
PRISMA guidelines were followed. Five databases were accessed: Scopus, Web of
Science, MEDLINE/PubMed, IEEE Xplore, and JSTOR. Documents published
between 2018 and October 15, 2024 relating to Al and implantology were
considered. Exclusions encompassed reviews, opinion articles, books, conference
references, studies using Al as a supplementary method, Al for teaching implant
dentistry, and Al for implant fabrication, prothesis, or design. A total of 120
relevant papers were included. Risk of bias was assessed using PROBAST. Findings
demonstrated extensive utilization of Al in various aspects of dental implantology:
guided surgery, diagnosis, classification of oral structures, bone classification,
classification of dental restorations, implant classification, implant planning, and
implant prognosis. Deep learning algorithms were employed in 8§9.2% of studies,
predominantly utilizing image data (72.0% two-dimensional images and 28.0%
three-dimensional images). Publications doubled in 2022 compared to the previous
year and have remained consistent since. Despite growth, the field remains relatively
underdeveloped. However, with advancements in technology and data quality,
substantial progress is anticipated in forthcoming years. Remarkably, 11 studies
were found to have a high risk of bias.
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Artificial intelligence (AI) has emerged
as a disruptive technology with the
potential to revolutionize various fields,
including dentistry. Al is an extensive
field of computer science that focuses
on creating algorithms that simulate
human intelligence, performing cogni-
tive tasks such as visual perception,
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speech recognition, decision-making,
and natural language processing'.

Al is under extensive research in
medicine, and several applications have
been tested in dentistry, in the fields of
oral cancer, periodontitis, dental caries,
diseases of the dental pulp and peri-
apical lesions, dental implants, and

orthodontics, among others”. Notably,
Al-enabled automatic segmentation
has shown great promise in improving
the accuracy and efficiency of proce-
dures in craniofacial surgery”.
Machine learning (ML) is a category
of AI that focuses on the development
and implementation of computer
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systems capable of learning from data
without explicit programming instruc-
tions. It achieves this by employing
sophisticated parametric algorithms
and statistical models that adapt to the
training data through algorithmic
training. These models are designed to
identify patterns within the data and
provide estimates for unseen samples,
facilitating predictive and decision-
making capabilities.

Deep learning is a specialized sub-
field of ML that uses artificial neural
networks with multiple layers to effec-
tively process and analyse vast amounts
of unstructured data, including images,
free text, signals, and voice. Its popu-
larity and success stem from its re-
markable ability to efficiently perform
high-level cognitive tasks, such as
image classification and object or pat-
tern identification, even at the pixel
level. One of its key strengths lies in
conducting feature extraction and
classification simultaneously, making it
well-suited for analysing unstructured
data”.

Deep learning excels at character-
izing and encoding intricate patterns
that may remain imperceptible to
human observers. This capability en-
ables it to reveal complex and subtle
patterns hidden within the data’.
Common algorithms used in deep
learning include convolutional neural
networks (CNNs) for image-related
tasks, recurrent neural networks
(RNNs) for sequential data, and gen-
erative adversarial networks (GANs)
for generating new data instances.

Furthermore, the interaction be-
tween human operators and the neural
network is an important aspect that
influences the effectiveness and appli-
cation of these systems. In the context
of dental applications, considering
human interaction becomes crucial, as
it plays a vital role in fine-tuning and
optimizing the performance of the
neural network for specific tasks.

Dental implants have emerged as a
widely accepted and effective solution
for restoring oral function and enhan-
cing aesthetics in patients with missing
teeth. A successful outcome of implant
procedures relies on critical factors,
including bone quality, soft tissue
thickness, and occlusion, among others.
With the rapid advancements in Al,
there is great potential for leveraging
this technology to aid dentists in

evaluating these crucial factors, thereby
facilitating a more personalized and
precise approach to implant planning,
placement, and diagnosis.

Several systematic reviews have ex-
plored Al in implant dentistry and have
provided a broad overview of deep
learning in periodontology and im-
plantology®’. More recent reviews have
evaluated CNNs, focusing on their
performance in specific applications,
such as identifying dental implants®
or planification’’.

The current review expands on these
foundations by offering a more ex-
tensive classification of Al applications
and a broader evaluation of algorithms,
encompassing both traditional ML and
advanced deep learning techniques. A
detailed risk of bias assessment was
conducted, and the review provides a
comparative analysis of methodologies,
offering a comprehensive perspective
that complements and extends the
findings of previous studies.

The primary objective of this study
was to conduct a comprehensive ana-
lysis of the progress and advancements
made in the field of Al in implantology.
The aim was to investigate the specific
topics and areas that have been ex-
plored through existing research, while
considering factors such as publication
dates, types and quantities of data used,
specific Al technologies employed, the
evaluation of potential biases, and
study outcomes. The ultimate goal of
this work was to assess whether further
research is needed in these domains.
Therefore, the null hypothesis posited
that there is no need for further re-
search in the field of Al in im-
plantology.

A PICOT question was formulated
to delineate the scope of this systematic
review: (P, patient/population/problem)
What is the available evidence on the
use of Al in implant dentistry, (I, in-
tervention) in terms of various im-
plementations and approaches of Al
used for implant interventions, (C,
comparison) comparing the outcomes
with the conventional approaches
without Al utilization, (O, outcome) in
relation to the success rate of dental
implants, accuracy in treatment plan-
ning and accuracy in the drilling pro-
tocol, accuracy in implant positioning,
accuracy of the surgical guide, accuracy
in the classification of oral structures,
accuracy in diagnosis, accuracy in bone

classification, accuracy in implant clas-
sification, and efficiency in implant
placement, (T, time) in studies pub-
lished during the period from 2018 to
October 15, 2024?

Materials and methods

Five databases were accessed: Scopus,
Web of Science, MEDLINE/PubMed,
IEEE Xplore, and JSTOR. The search
strategy included documents published
between 2018 and October 15, 2024
related to Al and implantology in all
languages. The following words were
selected as keywords related to Al: ‘AT,
‘artificial intelligence’, ‘machine
learning’, and ‘deep learning’. The fol-
lowing keywords related to im-
plantology were selected: ‘dental
implant’, ‘dental implants’, ‘dental im-
plantology’. Hence, a search was con-
ducted for studies containing one of the
terms selected as relating to Al and one
of the terms selected as relating to im-
plantology. The search criteria used in
each of the databases are listed in
Table 1.

The following inclusion criteria were
applied for the studies analysed in this
review: (1) the investigation must per-
tain to the application of Al in various
domains of implantology, encom-
passing clinical practice aspects such as
surgical procedures and their planning,
the identification of pertinent oral
structures for surgery, diagnosis related
to implant requirements, implant
prognosis, treatment, and analysis, or
identification of the implant itself; (2)
studies published within the time period
2018 to October 15, 2024.

The exclusion criteria were defined as
follows: (1) reviews: studies falling
under the category of review articles;
(2) opinion articles: articles presenting
opinions or editorials; (3) books: any
literature classified as books; (4) con-
ference references: references derived
from conference proceedings or ab-
stracts without full-length articles; (5)
supplementary use of Al: studies that
used Al as a supplementary tool rather
than the primary focus of the in-
vestigation; (6) Al for teaching implant
dentistry: studies centred on the use of
Al for teaching implant dentistry; (7)
Al for implant fabrication, prosthesis,
or design: studies that focused on the
use of Al for the design, prosthesis, or
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manufacturing process of dental im-
plants; (8) studies written in languages
other than English, Spanish, German,
French, Italian, or Portuguese.

After conducting the initial search,
duplicate studies were removed to en-
sure data integrity. Subsequently, the
abstracts of the remaining studies were
thoroughly examined, and the inclusion
and exclusion criteria were meticu-
lously applied.

The selection process was conducted
by two independent reviewers, and any
discrepancies in study selection were
resolved through mutual discussion. In
the event of an unresolved disagree-
ment, the study in question was jointly
reviewed by both reviewers, and if
consensus was still not reached, a third
reviewer made the final decision. The
exclusion criteria were applied in the
following sequence: books, opinion ar-
ticles, conference papers without study
information, studies not related to
dental implantology (including Al for
teaching implantology and design and
fabrication), studies not related to Al
or related to the supplementary use of
it, reviews, and other exclusion criteria.
A kappa index of 0.96 was obtained for
this stage of the selection process.

Additionally, a relevant study sug-
gested by the website from which the
selected articles were downloaded was
identified and included for comprehen-
sive analysis.

The full texts of all remaining docu-
ments were then evaluated, and those

Table 1. Search strategy.

studies that did not meet the criteria
were discarded. In this way, the total
number of studies eligible for analysis
was obtained. The kappa index in this
phase was 0.87.

Following the study selection, a
single reviewer was responsible for the
extraction and analysis of information
from the selected studies.

Subsequently, comprehensive data
extraction was conducted for each of
the selected studies, with a specific
focus on the following key variables:
year of publication, primary topic of
investigation, Al technology and model
type used, study objectives, types of
data utilized (including two-dimen-
sional (2D) or three-dimensional (3D)
images, or structured data (text and
numerical variables)), and input data,
as well as the corresponding perfor-
mance metrics and risk of bias as-
sessment.

The studies were classified into eight
primary topics based on their content:
guided surgery, diagnosis, classification
of oral structures, bone classification,
classification of dental restorations,
implant classification, implant plan-
ning, and implant prognosis. After data
extraction, the collected information
was thoroughly analysed to derive re-
levant conclusions.

The risk of bias assessment for the
included studies was conducted using
the PROBAST tool .

The level of evidence of each in-
cluded study was evaluated according

The role of Al in implant dentistry 3

to the Oxford Centre for Evidence-
Based Medicine (OCEBM) Levels of
Evidence (https://www.cebm.ox.ac.uk/
resources/levels-of-evidence/ocebm-
levels-of-evidence).

This systematic review adhered to the
guidelines outlined in the PRISMA pro-
tocol (Preferred Reporting Items for
Systematic ~ Reviews and  Meta-
Analyses)'”. The methodology of the re-
view was registered in the international
prospective register of systematic reviews,
PROSPERO (CRD42024607237).

Results

The search was performed using the
criteria outlined in Table 1, resulting in
1356 studies. Among them, 579 dupli-
cates were removed, and one study was
excluded due to being written entirely
in Chinese. After reviewing the ab-
stracts of the remaining 776 studies, the
exclusion criteria were applied.

The search and the first selection of
articles according to their abstracts was
conducted by two independent re-
viewers, and they agreed regarding the
inclusion of all but four of the studies.
Upon jointly analysing the remaining
studies, a mutual decision was made to
include them in the review.
Consequently, the kappa index for the
first study inclusion according to the
abstracts was 0.96. In cases where ar-
ticles could be excluded for multiple
reasons, reaching a consensus between

Database

Database search algorithm

Additional date filter

Additional filters

Scopus

AND

Line 1: (artificial AND intelligence) OR ai OR (machine
AND learning) OR (deep AND learning)

15, 2024

Line 2: dental AND (implant OR implants OR

implantology)
Web of Science

((artificial AND intelligence) OR ai OR (machine AND
learning) OR (deep AND learning)) AND (dental AND

15, 2024

(implant OR implants OR implantology))

15, 2024

15, 2024

MEDLINE/ ((artificial AND intelligence) OR ai OR (machine AND
PubMed learning) OR (deep AND learning)) AND (dental AND
(implant OR implants OR implantology))

IEEE Xplore (((“All Metadata”:dental) AND (“All
Metadata”:implant*)) AND ((“All Metadata™:artificial
intelligence) OR (“All Metadata™:ai) OR (“All
Metadata”:machine learning) OR (“All Metadata”:deep
learning)))

JSTOR

((artificial AND intelligence) OR ai OR (machine AND
learning) OR (deep AND learning)) AND (dental AND

15, 2024

(implant OR implants OR implantology))

2018-October

2018-October

2018-October

2018-October

2018-October

TITLE-ABS-KEY

Topic (title + Abstract + Indexing)
All databases;

All collections

All fields

All metadata

Subject: technology, public health,
health sciences, general science,
biological sciences

Only journals
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the two reviewers was essential in de-
termining the specific reason for exclu-
sion. This collaborative approach
ensured that the exclusion criteria were
consistently applied and minimized
potential discrepancies in the study se-
lection process.

Following this stage, 137 studies
were eligible for full-text assessment,
with all except five obtained and re-
viewed. After a thorough examination
of the full texts, two studies were ex-
cluded for not being related to im-
plantology and 11 studies were
excluded as AI was not the primary
focus of the investigation; rather, it was
only considered as a secondary aspect
in these studies.

In addition, one relevant article that
could not be retrieved from the initially
selected databases using the established
criteria was added'®. This article was
suggested by the website from which
the selected articles were downloaded,
as it exhibited similarities to the in-
cluded studies. The full-text review was
also conducted by two independent re-
viewers, and the kappa index was 0.87.

Finally, a total of 120 studies were
included in this systematic review'* '**

step-by-step process for the selection of
these studies.

Detailed characteristics of the 120
selected studies, along with the ex-
tracted data, are presented, by topic, in
Tables 2A-H.

Topic

The studies could be classified into the
following eight categories according to
their topic: guided surgery; diagnosis;
classification of oral structures; bone
classification; classification of dental
restorations; implant classification; im-
plant planning; implant prognosis.

Five studies were on guided surgery
(Table 2A)"°". These studies focused
on the optimization of the drilling
protocol”” in 3D radiographic images,
and in structured data for improving
the dimensional accuracy of the sur-
gical guide'® and predicting the optimal
implant position'’. Two studies also
predicted the implant position from 3D
images by converting them to series of
2D images' "

Thirteen studies were on diagnosis
(Table 2B).”" ** These studies focused
on the image-based classification of

rehabilitations for diagnosis including
dental implants® *', the detection of
fractured dental implants™, and diag-
nosis of periodontal bone loss, peri-
implantitis, and periodontitis®' %’
Three of the studies used commercial
software””>*’. All of these studies
used radiographic images with deep
learning classification algorithms, and
all except one, which used 3D radio-
graphs, used 2D images.

Twenty studies were on the classifi-
cation of  oral structures
(Table 2C).**? All of these studies
dealt with image-based semantic seg-
mentation (pixel-level labelling) of the
maxillary sinus™ *® and mandibular
canal™*" 7 All of the studies used
radiograph images.

Bone classification was the subject of
eight studies'*>* >’ (Table 2D). Most of
these studies tried to classify the bone
type in radiographic images™ >’
However, one study tried to detect os-
teoporosis in 3D  radiographic
images®, while another evaluated the
efficacy of alveolar ridge preservation
in reducing the need for bone aug-
mentation by using structured data'*
and one measured the thickness of the

. . . . . . . 59
Fig. 1 provides a flow chart of the different oral structures and anterior maxilla in 3D radiographs™’.
[ Identification of studies via databases and registers ] { Identification of studies via other methods ]
)
Records identified from Records removed before screening (n = 580):
c Duplicate records removed (n = 579)
k) databases (n = 1356): > ; : =
w Scopus (n = 356) Records removed as in Chinese (n = 1) Records identified from:
gf:f Web of Science (n = 431) Suggestion by the
t PubMed (n = 474) article download
§ IEEE Xplore (n = 50) website (n = 1)
JSTOR (n = 45) Records excluded (n = 639):
Records removed as not related to
— implantology (n = 436)
l Records removed as not related to Atrtificial
— Intelligence (n = 134)
Records screened > Records removed for be!ng reviews (n= 49)
_ Records removed for being article correction
(n=776) (n=1)
Records removed for being conference paper
(n=19)
y A
E’ Reports sought for retrieval —»{ Reports not retrieved (n = 5) Reports sought for retrieval > Reports not retrieved
5 (n=137) (n=1) (n=0)
(3
o
O
3 ! v
Reports excluded (n = 13): Reports assessed for Reports excluded:
Reports assessed for eligibility | | Not totally related to Al (n = 11) eligibility > (n=0)
(n=132) Not related to implantology (n = 2) (n=1)
—
‘o
2
S Reports of included studies
S (n=120)
4
—

Fig. 1. PRISMA 2020 flow diagram of the search and selection process for this review.
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Table 2A. Key characteristics of the studies in the ‘guided surgery’ group.
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Year Technology
Ref. Al model Purpose Data Results OEL
2022 DL Identify drilling 1200 CBCT  Accuracy: 93.8%; sensitivity: A (97.5%), 3b
15 LeNet-5-based model protocol B (95%), C (85%); precision: A (86.7%),
B (92.7%), C (100%); F1 values: A (91.8%),
B (93.8%), C (91.9%); AUC-ROC values:
A (98.6%), B (98.6%), C (99.4%)
2022 DL Dental guide accuracy 1944 SD Accuracy ANN Model 5: 99% 3b
10 ANN Model 5
2020 DL Predict implant 1276 SD Precision: W-J48 (96.57%), NB (96.98%), SVM 3b
b W-J48, NB, SVM, KNN, location (97.45%), KNN (97.89%), NNSRM (98.46%)),
NNSRM, GRNN, GLCTNN GRNN (98.89%), GLCTNN (99.43%)Recall: W-
J48 (96.23%), NB (96.47%), SVM (97.21%), KNN
(97.53%), NNSRM (98.13%), GRNN (98.43%),
GLCTNN (99.03%)
2023 DL Identify 3D implant 154 CBCT  AP75: 20.4%; F1: 20.1% 3b
1 TCSloT — ResNet50 position
2024 DL Predict implant 154 CBCT  AP75: 13.7%; F1: 13.6% 3b
19 ImplantFormer — ViT-Base-  position
ResNet50

3D, three-dimensional; ANN, artificial neural network; AP75, average precision at an intersection over union (IoU) threshold of 0.75;
AUC-ROC, area under the receiver operating characteristic curve; CBCT, cone beam computed tomography; DL, deep learning; F1, F1
score; GLCTNN, guided local search with continuous time neural network; GRNN, generalized regression neural network; KNN, k-
nearest neighbours; NB, naive Bayes; NNSRM, nearest neighbour with structural risk minimization; OEL, Oxford Centre for Evidence-
Based Medicine level of evidence; SD, structured data; SVM, support vector machine.

Classification of the dental restora-
tion was the subject of nine studies
(Table 2E)**°% All of the studies used
classification algorithms to identify
dental restorations, including dental
implants, in 2D radiographs.

Implant classification was reported in
29 studies (Table 2F)*” 77, All of these
studies used 2D radiograph images and
aimed to identify the brand and type of
implant by using classification algo-
rithms® “°. One study uses 3D radio-
graphs but converted them to 2D for
the analysis’’.

Fifteen studies were on implant
planning (Table 2G)”® ''2. Most of the
studies used radiographic image data to
identify dental structures for optimal
implant planning” ''"°. Others eval-
uated the use of AI for cone beam
computed tomography (CBCT) and
intraoral scan overlap '~ and implant
depth planning' .

The implant prognosis was in-
vestigated in 21 studies
(Table 2H)'"* "% These studies fo-
cused on predicting long-term out-
comes of dental implants by identifying
their failure or success''® '*, the iden-
tification of a ridge deficiency around
dental implants'*', bone loss in 2D
radiographs'*” '*°, peri-implant soft
tissue status in 3D radiographs'”°, peri-
implantitis from structured data'”’'*%,
peri-implantitis from 2D  radio-
graphs'”’, implant need based on
structured data'”, implant stability in

3D radiographs'®!, postoperative dis-
comfort using structured data'??, and
the prediction of osteonecrosis based
on structured data'*’.

Publication date

A significant increase in the number of
publications was observed over the
study period (2018-2024). The number
of studies published in 2022 was double
that published in each of the previous 2
years and 10 times the number pub-
lished in 2018 and 2019 together. In
2023, only four more articles were
published when compared to 2022, and
2024 showed a slightly lower count
than in the previous 2 years, although
the search included data only up to
October. The number of articles ap-
pears to have remained relatively stable
since 2022. This information is pre-
sented in Fig. 2.

Type of data

Training data for an Al model refers to
the input examples used to teach the
model patterns and relationships. In the
context of image data, 2D images in-
volve pixel intensity information, while
3D images incorporate depth or volu-
metric data. Structured data, on the
other hand, consists of organized, tab-
ular information with clear relation-
ships between variables.

Of the 120 studies, 107 pre-
dominantly used image data (89.2%),
while the other 13 studies employed
structured data (text and numerical
variables) (10.8%). Further examina-
tion of the image data revealed that
72.0% (77/107) of the studies used 2D
images; the remaining 28.0% (30/107)
focused on 3D images. Additional in-
formation on the types of data used can
be found in Fig. 3.

Data range

There was a lack of uniformity in the
number of data samples used for
training, primarily influenced by the
availability of quality data and, for
image datasets, the time required for
labelling. For 2D images, the average
number of images used was 10,077,
with a broad range spanning from 44 to
157,495 images. Regarding 3D images,
the average number was 1162, with the
range being 20 to 19,350 images. In the
case of structured data, the average
number of patients or samples con-
sidered was 1330, with a range of data
points spanning from 24 to 8513
images.

Al technology

In this systematic review, ML emerged
as the predominant Al technology em-
ployed by all of the included studies,
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Table 2B. Key characteristics of the studies in the ‘diagnosis’ group.

Year  Technology
Ref. Al model Purpose Data Results OEL
2021 DL Classification of 10 1084 PR Sensitivity: crown (0.9674), implant (0.9615), impacted tooth 3b
20 Faster R-CNN; oral structures (0.9658), pontic (0.7738), caries (0.3026), calculus (0.0934)
GoogLeNet Precision: pontic (0.8783), implant (0.9259), implant-supported
Inception-v2 crown (0.8947), root (0.6764), caries (0.5096), calculus (0.1923)
F1: implant (0.9433), crown (0.9122), implant-supported crown
(0.8947), calculus (0.1257), caries (0.3798), residual root (0.7419)
2022 DL Classification of 300 PA Classification: precision 0.977, recall = 0.992, F1 = 0.984 3b
2l Faster R-CNN implants and peri- Localization: mean ToU = 0.907
implant tissues Classification and localization: AP50, 0.996; AP75, 0.967
2022 DL Accuracy of Al 120 PR Kappa: 1.0 (data collectors) 3b
22 Apox (Promaton) diagnostic tool Identification: TP (19.06%), TN (77.34%), FP (1.15%), FN
software (2.46%)
Overall sensitivity, 0.89; overall specificity, 0.98; PPV, 0.94;
NPV, 0.97; LR+, 44; LR—, 0.001; diagnostic effectiveness, 0.96
Sensitivity; specificity: presence of teeth (0.95; 0.90), implants
(0.84; 0.99), residual roots (0.68; 0.98), root canal treatments
(0.83; 0.99), crowns (0.93; 0.99), fillings (0.61; 0.99)
2022 DL Classification of 1400 PR Segmentation accuracy: 98.75% 3b
> Hybrid, AlexNet, treatment Accuracy after enhancement: hybrid method (75.53%), AlexNet
GooglLeNet, VGG19, (97.13%), GoogLeNet (98.2%), VGG19 (96.88%), ResNet50
ResNet50, ResNet101 (97.45%), ResNet101 (97.38%)
2022 DL Classification of 116 PR Accuracy: NASNet + data augmentation (96.51%); NASNet 3b
2 NASNet; AlexNet treatment without data augmentation (93.36%); AlexNet + data
augmentation (93%)
2022 DL Evaluation of web- 300 PR Metal restorations: sensitivity (85.48%), specificity (87.50%), 3b
23 Denti.Ai software based Al for dental PPV (82.8%), NPV (42.51%), AUC-ROC (0.869)
structures and Resin-based restorations: sensitivity (41.11%), specificity
treatments (93.30%), PPV (90.24%), NPV (87.50%), AUC-ROC (0.672)
Endodontic treatment: sensitivity (91.9%), specificity (100%),
PPV (100%), NPV (94.62%), AUC-ROC (0.960)
Crowns: sensitivity (89.53%), specificity (95.79%), PPV (89.53%),
NPV (95.79%), AUC-ROC (0.927)
Implants: sensitivity (100%), specificity (100%), PPV (100%),
NPV (100%), AUC-ROC (1)
2023 DL Detection of peri- 2920 PA Crown and implant: mAP50 (0.537-0.898) 3b
26 YOLOv3, 1U, Canny implant bone and BW 1U: line lifting (P = 0.0106; statistical average/standard deviation
edge detection resorption, in pixels = 2.75/1.01); significant point detection (P = 0.0213;
implant, and crown statistical average/standard deviation in pixels = 2.63/1.28)
2023 DL Segmentation and 7696 PR Dice: teeth (0.95), crown-bridge restorations (0.93), dental 3b
2 U-Net classification of implants (0.94), restorative fillings (0.87), dental caries (0.88),
oral structures residual roots (0.78), root canal fillings (0.78)
2023 DL Dental implant and 280 CBCT  Implant: accuracy (0.99); precision (0.98); recall (0.99); DSC 3b
28 U-Net crown (0.98); IoU (0.97)
segmentation Implant + crown: accuracy (0.99); Precision (0.95); recall (0.99);
DSC (0.97); IoU (0.95)
2023 DL Classification of 406 PA Implant position: accuracy (0.893); damage detection 3b
> YOLOV2, AlexNet periodontal accuracy (0.904)
damage around
implants
2023 DL Dental Al-software 100 PR Kappa >0.81; kappa dental implants: 0.898 3b
0 Diagnocat diagnosis
evaluation
2024 DL Classification of 661 PR Dental implant: AP 8.72%; tooth: AP 78.05%; root canal 3b
' YOLOV4 + ResNetl8,  dental treatment treatment: AP 82.63%
GhostNet and diagnosis
2021 DL Detection of 445 PR DCNN: AUC-ROC 0.972, SE 0.014, sensitivity 0.866, specificity 3b
2 VGGNet-19, broken implants and PA 0.966, YI 0.833

GooglLeNet Inception-
v3, DCNN

GoogLeNet Inception-v3: AUC-ROC 0.967, SE 0.015,
sensitivity 1.000, specificity 0.866, Y1 0.866

VGGNet-19: AUC-ROC 0.929, SE 0.037, sensitivity 0.933,
specificity 0.933, YI 0.866

AP, average precision; AP50, average precision at an IoU threshold of 0.50; AP75, average precision at an IoU threshold of 0.75; AUC-
ROC, area under the receiver operating characteristic curve; BW, bitewing radiograph; DCNN, deep convolutional neural network; DL,
deep learning; DSC, Dice similarity coefficient; F1, F1 score; FN, false negative; FP, false positive; IoU, intersection over union; LR+,
positive likelihood ratio; LR—, negative likelihood ratio; mAP50, mean average precision at an loU threshold of 0.50; NPV, negative
predictive value; OEL, Oxford Centre for Evidence-Based Medicine level of evidence; PA, peri-apical radiograph; PPV, positive pre-
dictive value; PR, panoramic radiograph; R-CNN, region-based convolutional neural network; SE, standard error; TN, true negative;
TP, true positive; Y1, Youden index.
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Table 2C. Key characteristics of the studies in the ‘classification of oral structures’ group.

Year
Ref.  Technology Al model Purpose Data Results OEL
2021 DL Detect different oral 51 PR AP: normal tooth (0.520), treated tooth (0.316), 3b
¥ Panoptic-DeepLab structures dental implant (0.414)
2022 DL Maxillary sinus 19,350 Al model: DSC (0.9090 +0.1921), HD (2.7013+  3b
** U-Net segmentation CBCT 4.6154)
With post-processing: DSC (2.7013 + 4.6154), HD
(2.1470 + 2.2790)
2023 DL Detect maxillary sinus 2000 CBCT AUC-ROC (0.953), AUC-PRC (0.882), precision  3b
3 YOLOVS5; ResNet50 abnormalities (0.833), recall (0.87), specificity (0.948), accuracy
(0.93), F1 (0.851)
2024 DL Accurate segmentation of 451 CBCT Dice: 96.5% (teeth), 95.4% (alveolar bone), 93.6%  3b
¥ Swin-UNETR, 3D alveolar bone, teeth, and (maxillary sinus), 94.8% (mandibular canal)
U-Net maxillary sinus HD: 1.62 mm for teeth
2020 DL Detection of sectional plane 500 2D CT At =9.731+6.40mm; 80 = 1.32£0.869 mm; CRR  3b
37 ResNet50, VGG16, where mandibular canal =0.886 £ 0.149 mm
VGGI19 path is maximally observed
2020 DL Mandibular canal 637 CBCT DSC: 0.57 £0.08 left, 0.58 £0.09 right 3b
% Similar to U-Net segmentation MCD: 0.61 £0.16 mm left, 0.50 £ 0.19 mm right
ASSD: 0.45+0.12 left, 0.45+0.11 mm right
RHD: 1.40 £0.63 mm left, 1.38 £ 0.47 mm right
2021 ML Detect IAC without the 1440 PR AdaBoost M2 Ensemble: precision (100%), recall ~ 3b
* AdaBoost M2 Ensemble  foramen (92.3%), F1 (96%), accuracy (96%)
Ensemble: precision (91.66%), recall (100%), F1
(95.6%), accuracy (96%)
2022 DL Segmentation of mandibular 1132 CBCT P < 0.001 3b
4 U-Net canal compared to
radiologists
2022 DL Alveolar bone and 1064 Alveolar bone precision: 99.37%; mandibular 3b
. Dental-Yolo (YOLOv4) mandibular canal detection 2D CBCT canal precision: 99.55%; total precision: 99.46%;
mloU: 81.33%; BFLOPS: 6.83
2022 DL Mandibular canal 1347 CBCT mloU: 0.795; precision: 0.69; recall: 0.83; Dice: 3b
2 U-Net segmentation 0.751; F1: 0.759
2022 DL IAC detection 220 PR Overall accuracy; cross entropy: HOG (71%; 3b
“ HOG; LBP; GLCM; 1.98); LBP (74%; 1.789); GLCM (50%; 2.689);
MELMANN HOG+LBP+GLCM (c) (84%; 0.6943);
HOG+LBP+GLCM (all) (89%; 1.5467);
HOG+LBP+GLCM (c, c, e, h) (92%; 0.18079);
maxHOG+maxLBP+GLCM (c) (92%; 0.68959);
maxHOG+maxLBP+GLCM (all) (89%; 0.5305);
maxHOG+maxLBP+GLCM (c, c, e, h) (96%;
0.16533)
2022 DL Mandibular canal 20 CBCT HD95% mm (0.5371); Dice (0.8591); IoU (0.754); 3b
4 U-Net segmentation recall (0.8877); precision (0.8355)
2023 DL Mandibular incisive canal 200 CBCT Mean DSC (0.876); mean IoU (0.781); mean 3b
 U-Net segmentation RMSE (0.267); mean precision (0.852); mean
recall (0.902); mean accuracy (0.998);
consistency (1)
2023 DL Alveolar bone and 563 Simultaneous segmentation: IoU (0.85) 3b
4 U-Net mandibular canal 2D CBCT Separate segmentation: alveolar bone IoU (0.98),
segmentation mandibular canal IoU (0.81)
2023 DL Segmentation of the 313 CBCT Mandibular canal with anterior loop: IoU (0.659);  3b
47 U-Net mandibular canal and its DSC (0.792); precision (0.677); recall (0.961);
anterior loop accuracy (0.998); HD95% mm (0.428)
Mandibular canal: IoU (0.654); DSC (0.789);
precision (0.668); recall (0.970); accuracy (0.997);
HD95% mm (0.429)
2023 DL IAC segmentation with 1366 PR Automatic segmentation: DSC 85.7% (95% CI 3b
“ EfficientUNet ambiguity classification 75.4-90.3%), precision 84.1% (95% CI
78.4-89.3%), recall 87.7% (95% CI 77.7-93.4%)
Group 1: DSC (82.7%), precision (80%), recall
(86.2%)
Group 2: DSC (85.3%), precision (84.1%), recall
(87.3%)
Group 3: DSC (87.2%), precision (86%), recall
(88.8%)
Group 4: DSC (89.1%), precision (88%),
recall (90.1%)
2024 DL Accuracy of commercial 104 CBCT RMSE: mean (3.5 mm), lowest in the middle 3b

49

Software: coDiagnostiX;
BlueSkyPlan

software in segmentation of
the mandibular canal

section of the mandibular canal
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Table 2C. (Continued)

Year
Ref.  Technology AI model Purpose Data Results OEL
2024 DL Segmentation of mandibular 450 PR 2 sets: RPIFormer 92.93%; Dice 94.78% (third 3b
0 YOLOV7-tiny, third molar and canal molar, mandibular canal), 87.21%, 90.18%
RPIFormer, CycleGAN
2024 DL Segmentation of mental 702 PR U-Net (square mask): Dice 79.96%, IoU 76.69%  3b
o U-Net, U-Net++, foramen U-Net (round mask): Dice 79.02%, IoU 67.76%
ResUNet,
LinkNet, FPN
2024 DL Segmentation of the 625 CBCT Internal set: Dice 0.952, IoU 0.912, ASSD 3b

2D U-Net, 3D U-Net

mandibular canal

0.046 mm, HD95% 0.325 mm

External set: Dice 0.960, IoU 0.924, ASSD
0.040 mm, HD95% 0.288 mm

At, Euclidean distance (mm); 80, rotation angle (°); 2D, two-dimensional; 3D, three-dimensional; 95% CI, 95% confidence interval; AP,
average precision; ASSD, average symmetric surface distance; AUC-ROC, area under the receiver operating characteristic curve; AUC-
PRC, area under the precision-recall curve; BFLOPS, billion of floating point operations per second; CBCT, cone beam computed
tomography; CRR, canal region ratio; CT, computed tomography; DL, deep learning; DSC, Dice similarity coefficient; F1, F1 score;
FPN, feature pyramid network; HD, Hausdorff distance; HD95%, 95th percentile Hausdorff distance; IAC, inferior alveolar nerve
canal; IoU, intersection over union; MCD, mean curve distance; mloU, mean intersection over union; ML, machine learning; OEL,
Oxford Centre for Evidence-Based Medicine level of evidence; PR, panoramic radiograph; RHD, robust Hausdorff distance; RMSE,

root mean square error.

indicating its central role in various
classifications.

Of the analysed studies, a significant
majority (89.2%) claimed to employ
deep learning for their Al algorithms,
highlighting the widespread recognition
and use of this powerful approach in
the field of implantology.

Regarding the specific Al algorithms,
the most frequently used algorithms
and the number of studies in which they
were used are outlined below, for those
that were used in more than two
studies.

ResNet (n = 30)

ResNet is a deep CNN architecture
proposed by He et al.'** in 2016. It uses
skip connections to allow the network
to learn residual mappings, which helps
to avoid the vanishing gradient pro-
blem and enables the training of very
deep networks with up to 152 layers'*”.
All of the studies that employed Re-
sNet used images as input (80% of them
in 2D and 20% in 3D), with an average
number of images of 13,649.9.

R-CNN (n=9)

R-CNN stands for region-based con-
volutional neural network, which is a
CNN-based object detection method
proposed by Girshick et al.'*” in 2014.
It involves a two-stage process where
regions of interest are first identified
using a selective search algorithm, and
then these regions are classified using a
CNN'*. All of the studies that em-
ployed R-CNN used image data as

input (88.9% of them in 2D and 11.1%
in 3D), with an average number of
images of 2121.2.

GoogLeNet (n=12)

GoogleNet is a deep CNN architecture
proposed in 2014 by Google. It uses a
novel inception module that allows for
efficient use of computing resources
and has a significantly smaller number
of parameters compared to previous
models'*°. All of the studies that used
GoogleNet employed image data as
input (91.7% of them in 2D and 8.3% in
3D), with an average number of images
of 5028.2.

VGG (n = 14)

VGG is a deep CNN architecture pro-
posed by Simonyan and Zisserman in
2014"%7 1t consists of a series of con-
volutional and pooling layers with a
fixed filter size of 3 X 3, and is char-
acterized by its depth, with up to 19
layers in its most complex version'®’.
All of the studies using VGG employed
image data as input, with an average
number of images of 3788.7.

YOLO (n=19)

YOLO (‘You Only Look Once’) is a
real-time object detection algorithm.
Object detection is framed as a regres-
sion problem to spatially separated
bounding boxes and associated class
probabilities. A single neural network
predicts bounding boxes and class
probabilities directly from full images

in one evaluation. It was described by
Redmon et al.'*™ in 2015. All of the
studies that used YOLO employed
image data as input (94.7% of them in
2D and 5.3% in 3D), with an average
number of images of 2662.1.

U-Net (n=21)

U-Net was developed in 2015 for bio-
medical images. It is a fully CNN de-
signed to achieve end-to-end semantic
image segmentation, even when dealing
with limited training samples. Its dis-
tinctive architecture features a U-
shaped encoder—decoder design, in-
corporating four encoder blocks and
four decoder blocks interconnected
through a bottleneck or bridge' ™. All
of the studies that used U-Net em-
ployed image data as input (28.6% of
them in 2D and 71.4% in 3D), with an
average number of images of 1175.8.

AdaBoost (n=3)

AdaBoost is a boosting algorithm pro-
posed by Freund and Schapire in
1995, It is an ensemble learning
method in which weak classifiers are
combined to create a strong classifier.
AdaBoost works by adjusting the
weights of misclassified samples at each
iteration to focus on hard examples,
resulting in an effective algorithm for
binary classification tasks'*". Two of
the three studies (66.7%) using Ada-
Boost used structured data as input,
while one (33.3%) used 2D images. The
average number of data samples
was 764.7.
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Year Technology
Ref. Al model Purpose Data Results OEL
2022 ML Alveolar ridge preservation 140 SD Bone augmentation necessary in 60% 2b
*" Logistic regression (ARP) vs unassisted socket (USH) and 11.4% (ARP) of the sites
healing (USH) to reduce the need Most of these sites (64.2% USH and
for bone augmentation for 87.5% ARP) had thin facial bone
implants phenotype (< 1 mm) at baseline
Need for ancillary bone augmentation:
17.8 times higher in sites with ARP
therapy
Additional bone augmentation reduced
7.7 times for every 1-mm increase in facial
bone thickness (UHS and ARP)
2019 DL Classification of alveolar 207 CBCT Best: 3D deep CNN, with accuracy 3a
3D CNN; SegNet; 2D CNN; bone type of 99.1%
NN; Haar-like feature
2021 DL Automatic alveolar bone 800 CBCT YOLOV2-tiny: TP (159), FP (5), FN (8); 3b
** YOLOV3-tiny; YOLOv2-tiny; detection precision (0.97), recall (0.95), F1 (0.96),
YOLOV3 mAP (96.73%)
YOLOV3: TP (164), FP (0), FN (3);
precision (1), recall (0.98), F1 (0.99), mAP
(98.6%)
YOLOV3-tiny: TP (162), FP (4), FN (5);
precision (0.98), recall (0.97), F1 (0.97),
mAP (98.6%)
2022 DL Implant site bone type 605 CBCT HU means labelled by physicians: type I ~ 3b
> Nested U-Net classification (1519), type II (920), type III (693), type
IV (351), type V (195)
HU means labelled by model prediction:
type 1 (1520), type 11 (964), type 111 (648),
type 1V (352), type V (136)
2023 DL Validate the accuracy and 7500 2D CT + QCBCT images: RMSE (83.41 mg/cm®),  3b
°* QCBCT-NET (U-Net) reliability of bone density 2D CBCT MAE (67.94 mg/cm3), MAPE (8.32%)
measurements and bone density CAL_CBCT images: RMSE (491.15 mg/
classification cm’), MAE (460.52 mg/cm3),
MAPE (54.29%)
2024 DL Classify bone quality from PR 2270 PR AUC-ROC 0.762 3b
?’ ResNet50 compared to CBCT values and Spearman correlation: CBCT r = 0.702;
surgeon’s tactile assessment surgeon’s tactile sense » = 0.658
2020 DL Osteoporosis detection 120 CBCT Accuracy 97.917%, precision 0.96, recall  3b
**  BPANN 1, F1 0.97959
2023 DL Thickness assessment of buccal 4000 CBCT Best is BCNN-VGGL16: accuracy 0.870,  3b

* BCNN + VGGI6, ResNetl8, bone using low-resolution CBCT

ResNet34, ResNet50,
ResNet101, ResNeXt50

precision: 0.843, sensitivity: 0.701,

specificity: 0.943, F1: 0.765, AUC-ROC
0.924, AUC-PRC:0.859; better than
human metrics (visual estimation)

2D, two-dimensional; 3D, three-dimensional; AUC-ROC, area under the receiver operating characteristic curve; AUC-PRC, area under
the precision—recall curve; BCNN, binary complex neural network; BPANN, back propagation artificial neural network; CBCT, cone
beam computed tomography; CNN, convolutional neural network; CT, computed tomography; DL, deep learning; F1, F1 score; FN,
false negative; FP, false positive; HU, Hounsfield units; MAE, mean absolute error; mAP, mean average precision; MAPE, mean
absolute percentage error; ML, machine learning; NN, neural network; OEL, Oxford Centre for Evidence-Based Medicine level of
evidence; PR, panoramic radiograph; RMSE, root mean square error; SD, structured data; TP, true positive.

Support vector machine (SVM) (n=7)

SVM is a supervised ML algorithm for
classification and regression tasks,
proposed by Cortes and Vapnik'*' in
1995. SVM finds a hyperplane that se-
parates the data into different classes
with a maximum margin, which max-
imizes the generalization performance
of the classifier'*'. Overall, 71.4% of the
studies using SVM used structured data
as input, while 28.6% of them used 2D
images. The average number of data
samples was 602.5.

Logistic regression (n =7)

Logistic regression is a statistical linear
model for binary classification tasks,
proposed by Cox in 1958. Logistic re-
gression models the probability of a
binary event as a function of one or
more independent variables and can
manage both categorical and con-
tinuous data'*’. Of the studies using
logistic regression, 57.1% used struc-
tured data as input, while 42.9% used
2D images. The average number of
data samples was 516.6.

Random forest (n =35)

Random forest is an ensemble learning
algorithm proposed by Breiman in
2001'*’. Random forest constructs
multiple decision trees on random
subsets of the training data and features
and combines the predictions of these
trees to obtain the final output'*’.
Eighty percent of the studies using
random forest used structured data as
input, while 20% of them used 2D
images as input. The average number of
data samples was 396.
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Table 2E. Key characteristics of the studies in the ‘classification of dental restorations’ group.

Year Technology
Ref. Al model Purpose Data Results OEL
2020 DL Dental restoration 3013 PR Accuracy: GoogLeNet (89%), DenseNet 3b
%" ResNet; DenseNet; GoogLeNet classification (94%), ResNet (93%)
2022 DL Dental restoration 123 PR Faster R-CNN ResNet50 (mAP50: 0.958; 3b
' Faster R-CNN ResNet50; Faster R-CNN classification mAPS50-95: 0.677; average recall: 0.732)
ResNet101; Faster R-CNN Xception-101; Faster R-CNN ResNet101 (mAP50: 0.930;
Libra RCNN Xception-101; Faster R-CNN mAPS50-95: 0.705; average recall: 0.745)
RegNetX 3.2GF; Cascade RCNN Faster R-CNN Xception-101 (mAP50:
ResNet101; Dynamic R-CNN; SSD512 0.941; mAP50-95: 0.682; average recall:
VGG16; YOLO DarkNet53; RetinaNet 0.720)
ResNet101 Libra RCNN Xception-101 (mAP50: 0.938;
mAPS50-95: 0.711; average recall: 0.767)
Faster R-CNN RegNetX 3.2GF (mAPS50:
0.973; mAP50-95: 0.723; average recall:
0.771)
Cascade RCNN ResNet101 (mAP50: 0.917,
mAPS50-95: 0.689; average recall: 0.749)
Dynamic R-CNN (mAP50: 0.934; mAP50-
95: 0.688; average recall: 0.736)
SSD512 VGG16 (mAP50: 0.875; mAP50-95:
0.623; average recall: 0.721)
YOLO DarkNet53 (mAP50: 0.755; mAPS50-
95: 0.442; average recall: 0.605)
RetinaNet ResNet101 (mAP50: 0.903;
mAPS50-95: 0.665; average recall: 0.751)
2024 DL Segment dental 300 PA Accuracy 93.8%, precision 90%, recall 83%, 3b
92 U-Net implants F1 86%, IoU 86.4%, loss 21%
2024 DL Dental structures 1267 PR mAPS50: 0.806 3b
“  YOLOvS detection
2024 DL Detection of dental 1474 PR mAP50: 91.8%, mAP50-95: 63.7%, F1: 3b
% DMAF-Net (based on YOLOV5s) structures 90.08%, precision: 92.7%, recall: 87.6%
2024 DL Detection and 600 PR YOLOv7m best in detection (recall 0.793, 3b
% YOLOVS5s, YOLOv7m, YOLOv8m segmentation of precision 0.779, mAP50 0.740, mAP50-95
dental structures 0.481)
YOLOv8m best in segmentation (recall
0.589, precision 0.755, mAP50 0.591,
mAP50-95 0.272)
YOLOVSs (recall 0.634, precision 0.781,
mAP50 0.631, mAP50-95 0.392)
2023 DL Segmentation of 1500 PR Dice 95.46%, precision 96.53%, recall 3b
%¢ SFFNet dental structures 95.76%, F1 96.11%
2023 DL Classification of 1000 PR Classification accuracy for dentition 93.5%, 3b
%7 VGG-Net dental structures prosthetic treatment 90.5%, tooth number
89.5%, implant status 89.5%, impacted
wisdom tooth 69%, sex 75.5%, age 56%
2023 DL Detect and classify 15,240 Object detection 3b
% YOLOV3, YOLOv4, YOLOvVS, SSD, Faster- different oral 2D CT Single implants: YOLOVS5 precision 87.39%,

RCNN; AlexNet, BotNet, GoogLeNet,
Inception-ResNet-v1, Inception-v3,
MoileNet-v2, ResNet50, ShuffleNet-v2,
VGGI11, VGGI13, VGGI6, Vit-5, Xception

structures

F1 88.05%; Faster-RCNN recall 93.43%
Double implants: Faster-RCNN precision
87.48%, F1 91.24%

Compound implants: Faster-RCNN recall
94.64%, AP 97.84%

Steel balls: Faster-RCNN recall 97.83%;
YOLOvVS5 AP 97.24%

Crowns and braces: Faster-RCNN recall
91.42%; YOLOVS5 F1 78.45%

Multi-object detection: Faster-RCNN mAP
91.63%

Classification

Single implants: GoogLeNet precision
99.14%, F1 95.82%

Double implants: Inception-ResNet-v1
precision 85.26%; GooglLeNet recall 95.90%
Compound implants: GoogleNet F1
85.96%, recall 95.36%

2D, two-dimensional; AP, average precision; CT, computed tomography; DL, deep learning; F1, F1 score; IoU, intersection over union;
mAP, mean average precision; mAP50, mean average precision at an IoU threshold of 0.50; mAP50-95, average of the mean average
precision calculated at varying IoU thresholds ranging from 0.50 to 0.95; OEL, Oxford Centre for Evidence-Based Medicine level of
evidence; PA, peri-apical radiograph; PR, panoramic radiograph; R-CNN, region-based convolutional neural network.
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Table 2F. Key characteristics of the studies in the ‘implant classification’ group.

Year Technology

Ref. Al model Purpose Data Results OEL
2020 DL DI system classification 11,980 PR + PA  AUC-ROC, YI, sensitivity, and specificity: 0.954, 3b
" DCNN Neuro-T compared to 0.808, 0.955, 0.853. Best results: Al
professionals
2020 DL Classification of 11 DI 8859 PR CNN: recall (0.802), precision (0.842), accuracy 3b
" CNN; VGGI16; VGG19;  systems (0.860), F1 (0.819)
finely tuned VGG16 and VGG16-transfer: recall (0.864), precision (0.888),
VGGI19 accuracy (0.899), F1 (0.874)

VGG16-fine tuning: recall (0.907), precision
(0.928), accuracy (0.935), F1 (0.916)
VGG19-transfer: recall (0.840), precision (0.873),
accuracy (0.880), F1 (0.853)
VGG19-fine tuning: recall (0.894), precision
(0.913), accuracy (0.927), F1 (0.902)
2020 DL DI system classification 1206 PR Diagnostic (%, 95% CI) 3b

"' GoogLeNet Inception-v3 Accuracy: 93.8% (87.2-99.4%)), sensitivity: 93.5%
(84.2-99.3%), specificity: 94.2% (83.5-99.4%), PPV:
92% (83.9-97.2%), NPV: 91.5% (80.2-97.1%
AUC-ROC: 0.918 (0.826-0.973) on NNA; 0.922
(0.831-0.964) on NBS; 0.909 (0.844-0.982) on SBL;
0.890 (0.783-0.945) on STL; 0.931 (0.867-0.979) on
ZTSV; 0.911 (0.811-0.957) on ZSP

2020 DL DI system classification 10,770 PA + PR~ Model: AUC-ROC 0.971 (95% CI 0.963-0.978) 3b
"> GoogLeNet Inception-v3  compared to Periodontist: AUC-ROC 0.925 (95% CI
professionals 0.913-0.935)
2020 DL DI system classification 1282 PR TP: 0.50-0.82; AP: 0.51-0.85; mAP: 0.71, 3b
* YOLOv3 mloU: 0.72
2020 DL DI system classification 801 PA Test accuracy; precision; recall; F1: 3b
74 SqueezeNet; GoogleNet; SqueezeNet: 0.96; 0.96; 0.96; 0.96
ResNet; MobileNet-v2 GoogLeNet: 0.93; 0.92; 0.94; 0.93

ResNet18: 0.98; 0.98; 0.98; 0.98
MobileNet-v2: 0.97; 0.96; 0.96; 0.96
ResNet50: 0.98; 0.98; 0.98; 0.98
2021 DL DI system classification 1800 PA (%, 95% CI): 3b
> CNN Accuracy: 85.3 (78.4-90.5), sensitivity: 89.9
(81.1-95.6), specificity 82.4 (73.7-87.3), PPV 82.6
(74.1-86.6), NPV 88.5 (79.8-93.9)

2021 DL DI system classification 11,980 PA + PR AI: mean accuracy 80.56% 3b
°  DCNN Neuro-T compared to Professionals without Al: mean accuracy 63.13%,
professionals 77.67%, 67.94%, 57.81%

Professionals with Al: mean accuracy 78.88%,
88.56%, 77.83%

2021 ML DI system classification PR Classification accuracy Hu values: SVM 0.47, 3b
" Supervised ML; SVM; KNN 0.33, LR 0.50, X Boost 0.33
KNN; X Boost; LR Classification accuracy eigenvalues: SVM 0.67,
KNN 0.17, LR 0.67, X Boost 0.67
2021 DL DI system classification 9767 PR Best: multi-task accuracy (0.9803-0.9908), recall 3b
% ResNet 18, 34, 50, 101, 152 (0.9727-0.9886), AUC-ROC (0.9997-0.9999)
(single; multi-task) Best accuracy: ResNet152 in implant classification
(0.9908), in treatment stage (0.9972)
2022 DL Classification of 79 DI~ 45,396 PR Top—1 accuracy: EfficientNet-B0 (89.4), 3b
" EfficentNet-BO0; types EfficientNet-B4 (89.4), Meta Pseudo Labels 1
EfficientNet-B4; Meta (87.96), Meta Pseudo Labels 2 (88.35)
Pseudo Labels 1; Meta Top—5 accuracy: Meta Pseudo Labels 1 (97.90),
Pseudo Labels 2 Meta Pseudo Labels 2 (97.79)
2022 DL DI system classification 483 2D virtual Virtual X-ray accuracy: 98% 3b
80 FCN-1, FCN-2 images Precision, recall, accuracy, F1:

Set 1: 74.38%, 90.98%, 90.43%, 80.73%

Set 2: 68.31%, 78.64%, 94.06%, 84.48%

Human, Set 1: 70.52%, 69.76%, 69.76%, 69.70%
Human, Set 2: 70.55%, 68.67%, 68.67%, 67.60%
Pig X-ray, Set 1: 73.04%, 74.63%, 74.63%, 72.23%
Pig X-ray, Set 2: 73.12%, 71.72%, 71.72%, 70.75%

2022 DL DI system classification ~ PA Training accuracy; testing accuracy: 3b
8l ResNet50-v2, Xception, Xception (75%; 93%); ResNet50-v2 (81.25%;
VGG16 100%); VGG16 (75%; 93%)
2022 DL DI system classification 10,191 PR ResNet18: AUC-ROC 0.9993 3b
¥ ResNet 18, 50, 152
20%; DL DI system classification 263 PA Sensitivity, specificity, accuracy, confidence score:  3b

YOLOV3 94.4%, 97.9%, 96.7%, 0.75
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Table 2F. (Continued)

Year Technology
Ref. Al model Purpose Data Results OEL
Best performance in bone level implant
classification: sensitivity, specificity, accuracy 100%
2023 DL DI system classification 156,965 PA + PR Accuracy, precision, recall, F1: 3b
8 Custom DL engine Total: 88.53%, 85.70%, 82.30%, 84%
(NeutoT) PR: 87.89%, 85.20%, 81.10%, 83.10%
PA: 86.87%, 84.40%, 81.7%, 83.00%, 83%
2023 DL DI system classification 4800 PA Accuracy 0.981, precision 0.963, recall 0.961, 3b
% Google AutoML Vision specificity 0.985, F1 0.962
2023 DL, ML DI diameter and length 1320 PA VGG16: accuracy (0.994), sensitivity (0.950), 3b
8 VGGI16; k-means classification specificity (0.994), F1 (0.974), PPV (0.952), NPV
(0.975)
k-means: accuracy (0.983), sensitivity (0.900),
specificity (0.988), F1 (0.923), PPV (0.909),
NPV (0.988)
2023 DL DI system classification 11,904 PR Accuracy; F1 per implant type; sensitivity per 3b
¥ VGGI16; VGG19; implant type; specificity per implant type:
ResNet50; ResNetl101; VGGL16: 97.6; (96.2, 96.8, 99, 98.1, 98.3); (98, 96.6,
GoogLeNet, Fusion 98.9, 98.2, 97.8); (99.6, 99.5, 99.2, 99.6, 99.7)
VGG19: 98.3; (96, 97.4, 99, 98.2, 98.5); (98.4, 96.8,
98.9, 98.5, 98.3); (99.6, 99.6, 99.3, 99.6, 99.7)
ResNet50: 97.9; (95.1, 96.7, 99, 97.9, 97.6); (96.1,
95.9, 99, 98.2, 97.6); (99.6, 99.5, 99, 99.6, 99.5)
ResNet101: 98.1; (95.1, 96.7, 99, 97.9, 97.6); (95.4,
96, 99, 98.3, 98.5); (99.6, 99.6, 99, 99.6, 99.6)
GoogLeNet: 97.2; (93.7, 95.3, 98.5, 97.3, 97.1);
(94.9, 94.1, 98.7, 98, 96.7); (99.5, 99.4, 98.7, 99.4,
99.4)
Fusion: 98.9; (97.4, 98, 99.3, 99.9, 99.1); (99.2, 97.1,
99.4, 99.1, 98.9); (99.7, 99.8, 99.4, 99.8, 99.8)
2023 DL Classification of 130 DI 45,909 PR Ensemble: top—1 accuracy 75.27%, top—5 accuracy 3b
% Ensemble, EfficientNet, types 95.02%, precision 78.84%, recall 75.27%, F1 74.89%
Res2Next
2023 DL DI system classification 150,733 PA + PR Total: accuracy (82.3%), AUC-ROC (0.823), 3b
% ResNet50 sensitivity (80.0%), specificity (84.5%), PPV
(83.8%), NPV (80.9%)
PA: accuracy (83.8%), AUC-ROC (0.838),
sensitivity (81.5%), specificity (86%), PPV (85.3%),
NPV (82.3%)
PR: accuracy (73.3%), AUC-ROC (0.733),
sensitivity (71.5%), specificity (75%), PPV (74.1%),
NPV (72.5%)
2023 DL Classification of 103 DI 14,037 PR mAP: YOLOVS5 (0.973), YOLOvV7 (0.988) 3b
% YOLOV5; YOLOv7 types
2023 DL DI system classification 1390 PA Training loss: 0.0037; accuracy: 1 3b
’I VGGI16
2024 DL DI system classification 1258 PR Best: ConvNeXt with accuracy 94.2%, precision 3b
%2 ConvNeXt, RegNet, 95.6%, recall 93.3%, F1 94.2%
DenseNet, EfficientNet,
VGG, Swin
Transformer, ViT
2024 DL DI system classification 1258 PR Best: ConvNeXt with accuracy 95.74%, precision  3b
% ConvNeXt, VGGI6, 96.01%, recall 94.72%, F1 95.22%
ResNet50, Vovnet57a,
EfficientNet, MobileNet,
ViT, Swin Transformer
2023 DL DI system classification 2573 PA Precision 0.919, recall 0.98, F1 0.95, mAP 0.972 3b
% YOLOv8m-seg
2024 DL DI system classification 157,495 PA + PR Accuracy 95.05%, precision 95.91%, recall 92.49%, 3b
7 ResNet50 F1 94.17%
2024 DL DI system classification 1574 PR Recall; precision; F1; accuracy: 3b
°° YOLOV7; EfficientNet YOLOV7: 1; 0.979; 0.989; 0.989
EfficientNet: 0.917-1; 0.978-1; 0.941-1; 0.952-1
DL DI system classification 13,500 2D CBCT  Training accuracy; test accuracy; AUC-ROC: 3b

2023
97

GoogleNet, Inception-
ResNet152-v2, Inception-
v3, ResNet 50, 50V2, 101,
101V2, 152, 152V2

(in vitro)

GoogLeNet (1; 0.983; 1)

Inception-ResNet152-v2 (0.993; 0.975; 1)
Inception-v3 (0.893; 0.948; 1)

ResNet50 (0.992; 0.854; 1)

ResNet50V2 (0.991; 0.925; 1)

ResNet101 (0.995; 0.807; 1)
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Year Technology

Ref. Al model Purpose

Data Results

OEL

ResNet101V2 (0.994 0.936; 1)
ResNet152 (0.995; 0.932; 1)
ResNet152V2 (0.989; 0.993; 1)

2D, two-dimensional; 95% CI, 95% confidence interval, AP, average precision; AUC-ROC, area under the receiver operating char-
acteristic curve; CBCT, cone beam computed tomography; CNN, convolutional neural network; DCNN, deep convolutional neural
network; DI, dental implant; DL, deep learning; F1, F1 score; KNN, k-nearest neighbours; LR, logistic regression; mAP, mean average
precision; mloU, mean intersection over union; ML, machine learning; NBS, Nobel Branemark System; NNA, Nobel NobelActive;
NPV, negative predictive value; OEL, Oxford Centre for Evidence-Based Medicine level of evidence; PA, peri-apical radiograph; PPV,
positive predictive value; PR, panoramic radiograph; SBL, Straumann bone level; STL, Straumann tissue level;, TP, true positive; Y1,
Youden index; ZSP, Zimmer SwissPlus; ZTSV, Zimmer Biomet Dental Tapered Screw-Vent.

Naive Bayes (n = 4)

Naive Bayes is a probabilistic algorithm
based on Bayes’ theorem, proposed by
Lewis in 1998'**. It assumes that the
features of a data point are independent
given its class, which allows for fast and
efficient training and classification'**.
Three of the four studies using naive
Bayes used structured data as input
(75%), while the other study used 2D
images (25%). The average number of
data samples was 362.7.

k-nearest neighbours (KNN) (n = 3)

KNN is a non-parametric and instance-
based learning algorithm proposed by
Evelyn Fix and Joseph Hodges in
1951'°, KNN classifies new data
points by finding the k-nearest neigh-
bours in the training set and assigning
the class label based on the majority
vote'*. One (33.3%) of the three stu-
dies using KNN used structured data as
input, while two (66.7%) used 2D
images. The average number of data
samples was 660.

Decision tree (n = 3)

Decision tree is a tree-based model for
supervised classification and regression
tasks. It consists of a tree structure
where each node represents a feature or
attribute, and each edge represents a
decision or rule. Decision tree recur-
sively splits the data into subsets based
on the feature values and assigns a class
label or a numerical value to each leaf
node. Two (66.7%) of the three studies
using a decision tree used structured
data as input, while one (33.3%) used

2D images. The average number of
data samples was 283.3.

MobileNet (n=6)

MobileNet is a lightweight CNN ar-
chitecture designed for efficient image
processing on mobile devices. It utilizes
depthwise separable convolutions to
achieve a good balance between com-
putational efficiency and high accuracy
in tasks such as image classification'*°.
All of the studies using MobileNet
employed images as input data (83.3%
of them in 2D and 16.7% in 3D), with
an average number of images of 3319.

EfficientNet (n = 6)

EfficientNet is a state-of-the-art CNN
architecture designed to optimize model
efficiency and accuracy through a novel
compound scaling method. EfficientNet
achieves superior performance by scaling
the network’s depth, width, and resolu-
tion simultaneously. This approach en-
sures a well-balanced trade-off between
computational efficiency and model ac-
curacy across a wide range of tasks'*’.
All of the studies using EfficientNet em-
ployed images in 2D as input data, to test
and validate it, with an average number
of images of 16,126.8.

AlexNet (n=4)

AlexNet is a seminal deep CNN archi-
tecture that has played a pivotal role in
advancing image classification tasks'*®.
Notable for its deep architecture and
introduction of the rectified linear unit
(ReLU) activation function, AlexNet

demonstrated superior performance in

the ImageNet Large Scale Visual Re-
cognition Challenge, marking a sig-
nificant milestone in the field of deep
learning. All of the studies using
AlexNet employed images in 2D as
input data, with an average number of
images of 4290.5.

DenseNet (n = 3)

DenseNet, or densely connected con-
volutional network, is a deep learning
architecture where each layer is directly
connected to every other layer in a feed-
forward manner. It promotes feature
reuse, reduces the number of para-
meters, and mitigates the vanishing
gradient problem, leading to more effi-
cient and accurate models. DenseNet
has shown strong performance in image
classification and segmentation
tasks'*’. Only 2D images were used in
these studies, with an average number
of images of 1825.7.

Xception (n=3)

Xception is a deep convolutional neural
network architecture that leverages
depthwise separable convolutions to im-
prove efficiency and performance. This
design reduces computational complexity
by factorizing standard convolutions into
spatial and depthwise operations, al-
lowing for a more precise extraction of
spatial features'*. Only 2D images were
used in these studies, with an average
number of 7681.5 images.

Outcomes and metrics of the studies

The studies included in this review re-
ported a variety of results, the success
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Table 2G. Key characteristics of the studies in the ‘implant planning’ group.

Year Technology

Ref. Al model Purpose Data Results OEL
2021 DL Detection of structures and bone ~ CBCT Kolmogorov-Smirnov test for normality 3b
%8 Software: Diagnocat dimension calculation with a Detection: canals 72.2%, sinuses/fossae 66.4%,
commercial software compared to missing teeth 95.3% (484/508 correct)
professionals Al failures: 80 bone height, 15 bone thickness
measurements

Bone height: no significant Al-manual
differences (premolars, P > 0.05)
Bone thickness: significant Al-manual
differences (all regions, P < 0.001)

2021 DL Immediate implant placement AI 4144 Error: 2.16°, correlation: 0.915 (manual) 3b
% ResNeXt101 tool through sagittal root 2D CBCT Bland-Altman CI: narrow
inclination measurements Manual vs model difference: 0.16 +2.95°
2021 DL Learning curve of the Al for dental 316 2D CBCT Panoramic detection: original 62.5%, blurred  3b
10" Faster R-CNN implant planning in the posterior 75%, sharpened 43.75%, coloured 31.25%, noise
maxillary region 50%
Identification of the implant to be Cross-sectional detection (300 images): original
placed 62.5%, blurred 75%, sharpened 62.5%, coloured

56.25%, noise 50%

Panoramic accuracy: original 60%, blurred
41.66%, sharpened 71.42%, coloured 100%,
noise 62.50%

Cross-sectional accuracy: original 70%, blurred
50%, sharpened 80%, coloured 88.89%,

noise 87.50%

2022 DL Tooth instance segmentation and 455 PR Segmentation: mAPS50, 92.14%; mAP50-95, 3b
01 Mask R-CNN; Faster  detection of missing tooth regions 76.78%
R-CNN; ResNet101 Detection: mAP50, 59.09%; mAP50-95, 20.40%
2022 DL Detection and classification of oral 800 2D CT Total: accuracy (92.39%); precision (92.35%);  3b
102 U-Net structures sensitivity (93.48%); specificity (92.07%).
2022 DL Position of radiographic stent gutta 30 CBCT Al true positive rate: 83% (GP markers) 3b
103 Mask R-CNN percha markers False positives: 28% mislabelled as GP, overall
rate 2.8%
2024 DL Identify implant-ridge relationship 630 CBCT Accuracy: A (0.84), B (0.9528), C (0.9528) 3b
%% MobileNet slices
2023 DL Edentulous alveolar bone 43 CBCT DSC: training (0.89), testing (0.78), total (0.83) 3b
105 U-Net segmentation
2023 DL Implant procedure selection 133 CBCT Mean: accuracy (0.97), sensitivity (0.92), 3b
106 SinusC-Net according to sinus condition specificity (0.98), AUC-ROC (0.95)
2023 DL Predict implant position 3045 CBCT AP75: 17.8 3b
197 TCEIP (ResNet) slices
2024 DL Predict implant position 3045 CBCT Object detection: 3b
1% YOLOvV7; YOLOV7-X; slices YOLOV7 (precision: 0.781; recall: 0.845; AP75:
YOLOv7-W6; 0.84; FPS: 72)
MSPENet YOLOvV7-X (precision: 0.869; recall: 0.815;

AP75: 0.878; FPS: 65)

YOLOV7-W6 (precision: 0.868; recall: 0.842;
AP75: 0.893; FPS: 57)

Implant prediction: AP75: 0.154; F1: 0.157

2020 DL 3D tooth segmentation 102 CBCT Validation: Dice 0.938, recall 0.952, precision  3b
19" U-Net, Dense Block, 0.924
Spatial Dropout Test: Dice 0.918, recall 0.932, precision 0.904
2024 DL Segment bone in missing teeth 150 CBCT Bone segmentation: Dice 0.81, Jaccard 0.68, 3b
10 U-Net regions and predict implant precision 0.87, recall 0.75, volume error rate
position 14.32%

ROI: Dice 0.93, Jaccard 0.88, precision 0.94,
recall 0.93, volume error rate 1%

2024 DL CBCT and IOS registration 31 CBCT MSD: 0.04 mm, RMS: 0.19 mm (AI higher 3b
"1 Software: Relu Creator ~compared to manual and semi- and 10S accuracy and efficiency over manual and semi-
automated automated)
2024 DL Implant depth prediction 400 CBCT Acc(R@l, ToU = m): 3b
"> TPNet with ResNet50; IoU = 0.6: 33.9%; IoU = 0.7: 25.4%; loU =
2D/3D ResBlocks 0.8: 20.3%

2D, two-dimensional; 3D, three-dimensional; Acc(R@1, IoU = m), accuracy of top-1 predicted moments whose IoU with the ground-
truth moment is larger than m; AP75, average precision at IoU = 0.75; AUC-ROC, area under the receiver operating characteristic
curve; CBCT, cone beam computed tomography; CI, confidence interval; CT, computed tomography; DL, deep learning; DSC, Dice
similarity coefficient; F1, F1 score; FPS, frames per second; 10S, intraoral scan; IoU, intersection over union; mAP50, mean average
precision at an IoU threshold of 0.50; mAPS50-95, average of the mean average precision calculated at varying IoU thresholds ranging
from 0.50 to 0.95; MSD, median surface deviation; OEL, Oxford Centre for Evidence-Based Medicine level of evidence; PR, panoramic
radiograph; RMS, root mean square; ROI, region of interest.
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Table 2H. Key characteristics of the studies in the ‘implant prognosis’ group.
Year Technology
Ref. Al model Purpose Data Results OEL
2018 ML Predict key factors for 59SD Most significant factor: mesiodistal position 3b
13 DT; SVM implant prognosis (accuracy 0.93)
2018 ML Predict implant failure 747SD (Accuracy; sensitivity; specificity; AUC-ROC):  3b
19" C4.5 DT, LR, SVM with/ DT (0.68; 0.59; 0.77; 0.67)
without Bagging or AB LR (0.62; 0.61; 0.64; 0.64)
SVM (0.63; 0.58; 0.82; 0.74)
Bagging + DT (0.70; 0.58; 0.82; 0.74)
Bagging + LR (0.63; 0.57; 0.68; 0.67)
Bagging + SVM (0.62; 0.60; 0.64; 0.67)
AB + DT (0.67; 0.47; 0.87; 0.74)
AB + LR (0.60; 0.51; 0.69; 0.66)
AB + SVM (0.63; 0.51; 0.75; 0.65)
2022 DL Single implant survival 1626 SD Accuracy: 94.45%; F1 score: 0.9657; recall: 3b
15 NN prediction 0.9837; specificity: 0.9565
2022 ML and DL Dental implant loss risk 680 2D CBCT IM (AUC-ROC = 0.90, 95% CI 0.84-0.95) 3b
' LR, VGGI6, IM DL (AUC-ROC = 0.87, 95% CI 0.80-0.92)
LR (AUC-ROC = 0.72, 95% CI 0.63-0.79)
2023 DL Implant outcome prediction 1080 PR + PA  (Accuracy; precision; recall; F1) 3b
7" ResNet50 Hybrid model: (0.870; 0.85; 0.88; 0.85)
Only PA: (0.786; 0.84; 0.73; 0.75)
Only PR: (0.787; 0.87; 0.63; 0.66)
2023 DL Predict osseo-integration of 1206 PR + PA  (Accuracy; specificity; sensitivity) 3b
18 ResNet 18, 34, 50; dental implants ResNet18: (0.806; 0.802; 0.811)
DenseNet 121, 201; ResNet34: (0.822; 0.810; 0.832)
MobileNet-v2, v3 ResNet50: (0.836; 0.857; 0.817)
DenseNet121: (0.818; 0.813; 0.823)
DenseNet201: (0.816; 0.809; 0.827)
MobileNet-v2: (0.824; 0.816; 0.833)
MobileNet-v3:(0.799; 0.780; 0.819)
2024 ML Predict implant loss risk 8513SD High risk factors: age, smoking history, implant 2b
19" Two-step clustering, Cox diameter, implant length, implant position and
regression, Kaplan—Meier surgical procedure
Concordance index: 0.642 (0-120 days), 0.781
(120-310 days), 0.715 (> 310 days)
20%1U DL Implant success prediction 150 CBCT Traditional accuracy 78%; Al accuracy 87% 2b
2024 DL Identify ridge deficiencies 1475 CBCT Mandible: accuracy 98.91%, F1 97.30% 3b
121" ResNet50 around implants slices Maxilla: accuracy 98.82%, F1 95.86%
2020 ML Predict severe MBL with 81 SD (AUC-ROC; sensitivity; specificity) 3b
122 SVM, ANN, LR, RF implants SVM (0.967; 91.67%; 100.00%)
ANN (0.928; 91.67%; 93.33%)
LR (0.906; 91.67%; 93.33%)
RF (0.842; 75.00%; 86.67%)
2021 DL Implant detection 708 PA Models mean OKS: upper 0.8748, lower 3b
'3 Mask R-CNN; ResNet Upper/lower jaw and bone 0.9029, total 0.8885
loss classification Dentists mean OKS: total 0.9012
2022 DL Marginal bone loss sites and 835 PA Bone loss/lesions: PPV 81%/87%, sensitivity 3b
124 Faster R-CNN: Inception-  implant detection 67%175%, specificity 87%/83%
ResNet-v2 Al-expert: x = 0.547/0.568 (bone loss/implants)
Dentist: x = 0.555/0.544 (bone loss/implants)
2023 ML Prediction of physiological 44 PA (AUC-ROC, 95% ClI, sensitivity, specificity, 3b
125 NB, RF, GB, LR, KNN, bone remodelling PPV, NPV)
DT, SVM, CN2 Rule NB (0.75, 0.65-0.85, 66%, 68.4%, 73.3%,
Inducer 60.5%)
RF (0.69, 0.58-0.80, 70%, 55.3%, 67.3%,
58.3%)
GB (0.65, 0.53-0.77, 60%, 57.9%, 56.6%,
41.7%)
LR (0.65, 0.53-0.77, 46.1%, 71.1%, 67.6%,
50%)
KNN (0.64, 0.52-0.76, 62%, 65.8%, 70.5%,
56.8%)
DT (0.57, 0.32-0.55, 66%, 44.7%, 61.1%, 50%)
SVM (0.37, 0.24-0.49, 68%, 27.3%, 54.8%,
38.5%)
CN2 (0.27, 0.16-0.39, 86%, 13.3%,
56.6%, 41.6%)
2023 DL 50 3D XRT Accuracy: 87% 3b

126

U-Net; Otsu thresholding
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Table 2H. (Continued)

Year Technology
Ref. Al model Purpose Data Results OEL
Collagen fibres and bundles
segmentation in peri-
implant tissue
2021 ML Peri-implantitis 24SD Unsupervised clustering: risk groups 3b
27" Hierarchical clustering; NB  classification by immune Low-risk: high M1/M2, low B-cells,
profile, microbes complement signalling, Th1/Th17
Predict outcomes High-risk: Fusobacterium nucleatum, Prevotella
intermedia
Surgery reduced microbes; re-colonization
suppressed only in low risk
2021 ML Predict peri-implantitis 1408 SD Highest performance: RF (AUC-ROC: 0.71, 3b
128 1R, SVM, RF accuracy: 0.70, precision: 0.72, recall: 0.66,
F1: 0.69)
2024 DL Peri-implantitis and 800 PA Accuracy 94.74%, sensitivity 94.44%, specificity 3b
129 YOLOvV7 marginal bone loss 100%, precision 100%, recall 94.44%,
classification F197.10%
2022 ML Predict the need for dental 107 SD Accuracy: NB (72.8%), RF (77.8%), AB 3b
130" NB, RF, AB, improved AB  implants (86.1%), improved AB (91.7%)
2022 DL Implant stability 779 CBCT Implant segmentation: mloU (0.944), PxA 3b
1 MobilenetV2-DeeplabV3+;  classification (0.968), recall (0.969), precision (0.973)
ResNet50 Implant stability: (sensitivity, specificity, PPV,
NPV, F1) class 0-49 (0.93, 1.0, 1.0, 0.98, 0.96);
class 50-59 (0.96, 0.99, 0.93, 0.99, 0.95); class
60-70 (0.92, 0.98, 0.96, 0.96, 0.94); class 70-100
(0.96, 0.95, 0.90, 0.95, 0.93)
2022 ML Predict postoperative 1032 SD Root mean square error: 0.1085; 3b
132 Multivariate linear discomfort accuracy: 89.6%
regression
20%‘3' ML Predict medication 340 SD AUC-ROC 0.8283 (training), 0.7526 (test); best 3b

GB, distributed RF,
XGBoost, stacked
ensemble, generalized linear
model, DL

patients

osteonecrosis risk in dental
extraction/ implantation

model: GB

2D, two-dimensional; 3D, three-dimensional; AB, AdaBoost; ANN, artificial neural network; AUC-ROC, area under the receiver
operating characteristic curve; CBCT, cone beam computed tomography; 95% CI, 95% confidence interval, DL, deep learning; DT,
decision tree; F1, F1 score; GB, gradient boosting; IM, integrated model; KNN, k-nearest neighbours; LR, logistic regression; MBL,
marginal bone loss; mloU, mean intersection over union; ML, machine learning; NB, naive Bayes; NN, neural network; NPV, negative
predictive value; OEL, Oxford Centre for Evidence-Based Medicine level of evidence; OKS, object keypoint similarity; PxA, pixel
accuracy; PA, peri-apical radiograph; PPV, positive predictive value; PR, panoramic radiograph; RF, random forest; SD, structured
data; SVM, support vector machine; XRT, X-ray tomography.

being reflected in the metrics of each
study.

Performance metrics calculated in
each study varied, making it difficult to
compare results. Some metrics were
used in several studies, including accu-
racy, precision, F1 score, area under
the receiver operating characteristic
curve (AUC-ROQ), sensitivity, specifi-
city, recall, Pearson correlation coeffi-
cient (r), Dice similarity coefficient
(DSC), intersection over union (IoU),
and mean average precision at an IoU
threshold of 0.50 (mAP50). However,
the metrics also depend on the nature
of the problem and result, and some
metrics only apply to classification
problems (e.g., sensitivity, specificity,
precision, recall).

All performance metrics provided
were calculated from in silico validation
studies, where some data were kept for
validation of the algorithms.

Just over half (56.7%) of the studies
focused primarily on image classifica-
tion, encompassing diverse types of
implants, various bone structures, and
distinct oral structures. These studies
commonly employed key metrics, fa-
cilitating comparability. The four most
frequently utilized metrics in these stu-
dies were accuracy, precision, F1 score,
and recall.

Fig. 4 shows bar and whisker graphs
representing these metrics for the dif-
ferent topics. Instances exist where a
single article computed multiple algo-
rithms, yielding varying results; the
outcomes of all evaluated algorithms
are presented herein. It is noteworthy
that the efficacy of each study’s per-
formance hinged significantly on the
quantity of images used in training and
the diversity of types to be classified.

All studies that focused on implant
classification, except two, reported

accuracy as a metric. These studies
achieved accuracy, AUC-ROC, recall,
and F1 score rates above 81%, except
for two studies’”®, demonstrating the
consistently high performance in this
area. Similarly, studies addressing the
segmentation of various dental struc-
tures for diagnosis, structure classifica-
tion, restoration classification, and
implant planning, reported accuracy
rates exceeding 83%, AUC-ROC values
above 92%, and Dice values above
93%, except for two studies’ 1,98
Studies that focused on bone classi-
fication also showed excellent results,
with all reporting accuracy values
above 98%, precision over 96%, and F1
scores exceeding 96%. Articles dis-
cussing guided surgery applications
also demonstrated accuracies above
94% and precision values above 87%.
However, in other applications, such
as prognosis, the results were somewhat
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lower, with accuracy values exceeding
70%. Nonetheless, some studies re-
ported accuracy rates as high as 99.7%,
precision of 97.3%, and recall of 96.8%,
depending on the specific objectives of
the research.

Risk of bias

Supplementary material Table Sl
shows the risk of bias analysis of the

studies. Eleven studies showed a high
risk of bias and five had an unclear risk
of bias. The remaining studies were
considered to have a low risk of bias.

OCEBM level of evidence

With the excegtion of three studies
119,120

classified as 2b' and one as 3a”,
the remaining articles were classified as
OCEBM evidence level 3b. This
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classification reflects the fact that they
describe technical studies of diagnostic
validation. Although clinical images or
data were used, these studies did not
involve direct clinical intervention in
patients, nor were any of them rando-
mized controlled trials. Consequently,
they are positioned at a lower level
within the OCEBM evidence hierarchy,
which is primarily designed for the as-
sessment of clinical interventions in
humans.

Origins of the studies

The analysis showed that 28 of the 120
studies (23.3%) were conducted in
South Korea, 24 (20%) in China, nine
(7.5%) in Turkey, eight (6.7%) in each
of Japan and India, six (5%) in Taiwan,
and five (4.2%) in Saudi Arabia.
Among the remaining studies (n = 32),
fewer than five were conducted in any
one country.

Discussion

This review of 120 studies on Al in
implantology highlights a powerful
shift in the field. The studies, pre-
dominantly using deep learning algo-
rithms like ResNet and U-Net,
investigated various aspects of im-
plantology, from guided surgery to
prognosis. The surge in publications,
especially focusing on 2D radiographs,
reflects a dynamic evolution in recent
years. Despite the varying performance
metrics, of which accuracy, precision,
F1 score, and recall were the most fre-
quently utilized, most studies demon-
strated a low risk of bias. This review
underscores the growing influence of
Al, particularly deep learning, in
shaping the future of implantology,
highlighting the imperative for stan-
dardized reporting and metrics in this
transformative arena.

Topic

The implementation of Al in implant
dentistry is still in its nascent stages,
presenting abundant opportunities for
further advancement and improvement
in various areas. Nevertheless, there have
been rapid developments in recent times,
with a particular focus on guided sur-
gery, diagnosis, classification of oral
structures, and bone and dental restora-
tions, as well as implant identification,
planning, and prognosis. These ad-
vancements predominantly rely on the
integration of imaging techniques and
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deep learning algorithms, highlighting
the significance of this combination in
driving progress within the field.

Type of data

When considering the types of data
handled in the implantology sector,
three areas of interest can be identified
as potential focuses for further efforts:
searching for and identifying various
types of information in radiographs,
whether in 2D or 3D, and in images
from intraoral scanners; extracting in-
formation from medical records; and
using Al for the design and manu-
facturing of personalized or generic
dental implants and prostheses.
Regarding images, areas of parti-
cular interest for future studies are the
classification of all types of structures,
detection and categorization of dis-
eases, and classification of bone struc-
tures and bone quality in images. Most
of the studies to date have focused on
2D images, but the use of the same
technology for 3D images is a field to
be explored. The identification and
classification of dental implants was the
most represented topic (29 studies,
24.2%). However, all of the studies in
this group used 2D images. Only one

claimed to use 3D images, but then
transformed the images to 2D. The
absence of implant classification in 3D
images is particularly striking, and this
seems to be a promising field for com-
puter-aided odontology software.

The use of images as data pre-
dominated in the field of dental im-
plantology, with 89.2% of the studies
using this type of data. Although
structured data were only used in 10.8%
of the studies, the use of Al applied to
dental implant medical records is ex-
pected to become more important in
the coming years, especially as these
databases become better annotated and
more complete.

Technology employed

Certain algorithms have demonstrated
superior suitability and have conse-
quently been exclusively used in studies
involving images. Examples of such
algorithms include ResNet, U-Net, R-
CNN, GoogleNet, VGG, YOLO,
MobileNet, EfficientNet, AlexNet,
DenseNet, and Xception. However, it is
worth noting that none of the algo-
rithms employed in more than two
studies were exclusively used for hand-
ling structured data. This observation

can be attributed to the fact that a
significant majority (89.2%) of the stu-
dies focused on image data. As a result,
many studies within the field have
compared different algorithms to assess
their performance in the context of
implant dentistry. This comparison is
relevant even if a particular algorithm
may not be the optimal choice for a
specific case. Such comparisons offer
valuable insights into the strengths and
limitations of various popular algo-
rithms, informing researchers and
practitioners about their potential ap-
plications in the field.

Quantity of data samples

The variation in the number of data
points from study to study is quite sig-
nificant, ranging from as low as 20 to as
high as 157,495 for image data, and
from 24 to 8513 for structured data.
This discrepancy primarily stems from
the fact that the availability of data has
been a more influential factor in de-
termining the sample size in most cases,
rather than adhering to an ideal amount
for development of the algorithm.

In the domain of structured data, a
thorough observation reveals gaps in a
substantial ~ portion  of  patient
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information, creating the initial illusion
of data abundance that, in reality, has
not been adequately stored, resulting in
incomplete datasets. To address this
issue, efforts are being directed towards
enhancing the precise storage of in-
formation. This push towards more
effective data management aligns with
the ongoing digitization of systems,
contributing to heightened integrity
and quality in preserving clinical data.

Concerning imaging, the task of la-
belling poses a considerable challenge
in terms of time and resources in most
cases. This circumstance often leads to
the selective use of efficiently proces-
sable raw data, despite the availability
of ample data. Moreover, the compu-
tational cost tied to image training
significantly surpasses that of struc-
tured data, necessitating increased
processing power as more images come
into play. This consideration gains even
more relevance and complexity when
dealing with 3D images.

Risk of bias

Two key factors emerged as the most
common reasons for a ‘high risk’ clas-
sification. Firstly, the separation of test
and training data was often not ap-
propriately executed, leading to poten-
tial overfitting or inadequate model
generalization. Secondly, many studies
failed to comprehensively analyse all of
the variables that could potentially in-
fluence the problem under investiga-
tion. For instance, some studies
converted 3D images to 2D and used
different parts of the same image for
both testing and training, compro-
mising the validity of the results.

Additionally, in studies involving
structured data, a frequent issue per-
tained to the mishandling or lack of
information regarding missing and/or
erroneous values, impacting the accu-
racy and reliability of the findings.

Moreover, it is important to note
that Al content in software and in-
dustrial products is not always ex-
plicitly  declared. This lack of
transparency raises concerns, particu-
larly when applications do not behave
predictably or uniformly, leading to
suspicion that they may contain Al
components. In the context of medical
devices, such as ultrasound sonography
or CBCT, this uncertainty emphasizes
the need for clinicians to use these tools
with caution. The doctor must verify
the plausibility of the results to ensure
safe and accurate patient care.

Limitations

This review has certain limitations,
particularly the potential exclusion of
studies relevant to implant dentistry,
such as those focusing on the identifi-
cation of structures like the dental
nerve, if they did not explicitly mention
‘implant dentistry’ in their titles or ab-
stracts. In addition, some of the articles
could not be obtained for review. This
aspect could have led to valuable re-
search being overlooked that could
contribute to the field. Moreover, the
heterogeneity of the articles, as well as
of the training data and algorithms
used, makes it challenging to compare
the results across studies.

When analysing the data, it became
evident that the results of the common
metrics were highly disparate, as they
depended not only on the algorithm
and objective but also on the quality
and quantity of the data. In fact, some
studies concluded that their path to
improvement consists of increasing the
amount of training data’’.

To address these limitations and
further expand the scope of relevant
studies, future research endeavours
could involve extending the search to
specific areas of interest within implant
dentistry, even if the term ‘im-
plantology’ is not explicitly used. By
incorporating relevant keywords and
synonyms related to specific implant
dentistry topics, a more comprehensive
and inclusive examination of the lit-
erature can be achieved.

Future perspectives

Anticipated future developments in this
field might encompass the incorporation
of 3D imaging for implant type classifi-
cation. This trend is expected to emerge
alongside the widespread adoption of
3D CBCT scanners, which hold the
potential to revolutionize and augment
implant planning and diagnostics. By
integrating high-quality 3D imaging
data, AI algorithms could offer more
precise and personalized implant classi-
fication, contributing to improved
treatment outcomes and patient care.

Conclusions

In conclusion, the predominant focus
of the current literature centres on the
development of Al algorithms tailored
for the 2D classification of dental im-
plants, with common applications ex-
tending to the identification of
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structures such as teeth, maxillary
sinus, and dental nerves.

The ability of AI to identify implant
types in 2D medical images already sur-
passes the accuracy of practitioners”” ",
offering a valuable tool that does not
require clinicians to recognize commer-
cial brands of implants they may not
have encountered before. However, ex-
panding the range of implants that can
be identified is essential to maximize the
utility of this application.

The studies on segmentation of
dental structures for diagnosis, classifi-
cation, restoration, and implant plan-
ning have demonstrated consistently
high performance, with accuracy rates
exceeding 83%, AUC-ROC values
above 92%, and DICE values above
93%. While these results indicate that
AT has the potential to enhance clinical
workflows, this use of Al serves pri-
marily as a visual aid to professionals
rather than making decisions autono-
mously. As such, it can be implemented
even with some degree of error. Indeed,
several existing software programs al-
ready incorporate Al for these appli-
cations, although there is still scope for
improvement, particularly in refining
algorithms for more complex cases.

For bone classification, the outcomes
were particularly impressive, with all
studies reporting accuracy, precision,
and F1 scores above 96%. These high
levels of performance demonstrate the
robustness of Al in this specific appli-
cation, positioning it as a reliable tool
in clinical practice.

In the field of guided surgery, al-
though the studies showed promising
accuracy (over 94%) and precision (over
87%), the protocols employed were re-
latively simple. For this technology to
gain widespread clinical adoption, it will
be essential to refine and validate more
complex functionalities.

Al applications in prognosis showed
more variable results, indicating the
need for further research and develop-
ment to improve reliability in some
areas. However, in other aspects, the
technology appears more optimized
and ready for clinical use as a support
to the clinician.
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